The recognition of food spoilage by osmotolerant yeast is important in food safety surveillance. In the study, Fourier transform near-infrared spectroscopy was employed for acquisition of five osmotolerant yeast ) and water (5277 and 5412 cm À1 ) may be relevant in discriminating kiwi juice spoiled by different yeasts. The method provides a fast, simple and high-throughput method for yeast spoilage recognition, which can be applied in monitoring osmotolerant yeast spoilage.
Introduction
Osmotolerant yeast is a collection of yeast species that can tolerate high osmotic stresses, such as the tolerance to 50-65% (w/v) sugar concentration in sugary food. These yeasts are frequently recovered from high sugar foods, such as fruit concentrates, confectionery, juices and honey.
1-3 One of the most notorious osmotolerant yeasts Zygosacchromyces rouxii (Z. rouxii) is repeatedly isolated from apple juice and grape juice concentrates 4, 5 and is an extremely osmotolerant yeast which can tolerate up to 90% w/v glucose concentration. However, we have reported that moderate osmotolerant yeasts, Hanseniaspora uvarum, Candida tropicalis, Saccharomyces cerevisiae, Meyerozyma guilliermondii and Candida intermedia etc., were capable of contaminating kiwi fruit concentrate. 6 These yeasts can lead to blown packages, off-odor and off-avor of food and potential economic loss to food manufacturers. The detection and classication of osmotolerant yeasts is important in food spoilage surveillance. Although detection of some yeasts by realtime PCR methods has been proposed, 7 there is still an urgent need to build a high-throughput and easily operated method such as Near Infrared Spectroscopy based methods to this end.
Near infrared spectroscopy (NIRS) in the wavelength range of 780-2500 nm is a high throughput, cost-effective and a rapid analytical method, the feasibility of which has been veried with various food related classication and quantication applications such as discrimination of Chinese liquors 8 and quantication of cholesterol in dairy powders. 9 In the eld of microbiology, NIR in conjugation with Partial Least SquaresDiscriminate Analysis achieved 99.5% correct classication of Salmonella enterica and 100% correct classication of Bacillus subtilis, Escherichia coli, Pseudomonas uorescens in sterile saline solutions.
10 Similar successful classication of E. coli and Listeria on the species and strain levels in phosphate buffered saline was also provided. 11 However, the recognition of spoilage osmotolerant yeasts in food matrix by NIRS has not yet been reported.
Among the many multivariate algorithms, Support Vector Machine (SVM) is a popular multivariate classier that achieves classication by searching the maximum margin between classes in the higher dimensional feature space generated by mapping input vectors. 12 With its superior performance, SVM has been coupled with VIS/NIR spectroscopy for measurement of soluble solid contents (SSC) and pH of White Vinegar, 13 classication of swill cooked oil with terahertz spectroscopy 14 and detection of pork adulteration in veal product in conjugation with principal component analysis.
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Due to the multivariate nature of NIR spectra, the effort in reducing collinearity and improve model interpretation has been put. Competitive Adaptive Reweighted Sampling (CARS) is a wavelength selection method based on 'survival of the ttest' from Darwin's Evolution Theory aiming at reducing redundant information in the full wavelengths models. 16 Compared with other existent wavelength selection algorithms, CARS is effective, simple and can obtain key wavelengths that are meaningful in chemistry, therefore it is contributive to data interpretation. CARS involve several procedures: (1) Monte Carlo sampling; (2) computation of kept variables; (3) exponentially decreasing function for enforced removal of wavelengths with lower regression coefficients; (4) competitive wavelength reduction by adaptively reweighted sampling; (5) root mean squared error calculation for each sampling subset. CARS can be used in not only PLS modelling as well as other types of pattern recognition methods such as SVM. The objective of this study was to recognize kiwi juice contamination by osmotolerant yeasts and detect yeast strains that are responsible for that spoilage. The aim was completed by (1) recognize a single yeast strain or yeast cocktails incurred kiwi juice spoilage and determine the responsible yeast; (2) nd key variables in the NIRS models by CARS and offer possible chemical explanations. To our knowledge, this is the rst attempt on recognition of osmotolerant yeasts relevant to kiwi juice spoilage by NIRS.
Results and discussion
NIR spectra overview Fig. 1 showed the acquired raw spectra for the tested yeasts (Table 1) . The kiwi juice NIR absorbance spectra presented an identical prole with those for pure water and sugar solutions.
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It was worth mentioning that spectra of the used two varieties of kiwi juices shared the same prole. All the kiwi juice spectra with or without yeast spoilage had similar 
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Overall, sample spectra overlapped to a great extent, and the prole resemblance largely impeded the discrimination of kiwi juices with regard to yeasts spoilage.
Principal component analysis
Principal component analysis (PCA) was conducted on the single strain and yeast cocktail sets for an overview of the spectra and detection of outliers. For single strain spectra set, the rst two principal components cumulatively accounted for 98.3% variance (PC-1 for 87.0% and PC-2 for 11.3% variance). For the yeast cocktail spectra set, principal component analysis revealed that the rst two principal components cumulatively accounted for 98.6% of the total variance, with PC-1 accounted for 87.6% and PC-2 accounted for 11.0%. One and three outliers were detected in the two sets since these samples exceeded the residual limit and Hotelling's T 2 limit at 5% signicant level and were thus removed. Aer the removal of outliers, the contribution of the rst two PCs slightly increased to 98.9% and 98.7% for the two sets, respectively. The major improvement in contributed variance was from PC-1, whose contribution experienced an increase from 87.0% to 92.3% for the single strain sample set and from 87.6% to 93.2% for the yeast cocktail set, respectively. Score plots (Fig. 2(a and b) ) of the two sample sets showed four obvious clusters. The partition of Qinmei and Hayward kiwi juice suggested a component difference in the two kiwi fruit cultivars. Spectra samples from 24 h or 72 h yeast spoilage were not well resolved given the close vicinity of Hayward-24 h and Hayward-72 h. Further, yeast negative kiwi juice (kiwi juice without yeast inoculation) samples were distinguished from spoilage samples in single strain set and yeast cocktail set (discrete points not in circles). One exception was the negative Hayward juice samples that were grouped into Hayward-72 h cluster (Fig. 2a) . Simultaneously, when the sample spectra spoiled by different yeast strains or yeast cocktails were examined, they were not clustered according to the identities, it was suggested that pre-processing treatment was necessary so as to achieve recognition of responsible yeast species.
Single yeast strain recognition
Direct orthogonal signal correction was applied to both sets of spectra to expose and enlarge important wavelength ranges so as to achieve recognition of tested yeast strains and cocktails in SVM models. Models were established using the full wavelength NIR spectra and CARS selected NIR wavelengths and the performance was compared. In addition, parameter optimization aimed at searching for a pair of C and g parameters was conducted to enhance model performance. The full wavelength spectra (contain 2074 variables) model with a total of 84 support vectors only achieved an overall correct rate of 26.4% (Table 2) . Only the strain S. cerevisiae OZ18 (Fig. 3a , x ¼ 10) was correctly recognized with a sensitivity and PPV (positive predictive value) equalled to 1.00. The other S. cerevisiae strain OZ03 (Fig. 3a , x ¼ 9) was classied with sensitivity of 0.50 ( Fig. 3a) and PPV of 0.67 (Fig. 3b) . Although C. tropicalis F17 (Fig. 3a, x ¼ 2) was correctly classied and the sensitivity was 1.00, there were additional spectra that were misclassied as this strain thus the PPV was only 0.20 ( Fig. 3b) . The model failed to recognize the other C. tropicalis strain F09 (x ¼ 1), whose sensitivity and PPV were both 0. Except for the two correctly classied M. guilliermondii OZ01 (x ¼ 7) spectra, the overall correct rate of the species H. uvarum (x ¼ 3 and 4), C. intermedia (x ¼ 5 and 6) and the strain M. guilliermondii OM16 (x ¼ 8) were 0. However, the performance of full wavelength SVM model was greatly enhanced by using the optimized parameter C and g. Although the three parameter optimization methods, grid search (GS), particle swarm optimization (PSO) and genetic algorithm (GA) produced different optimized C and g values, all optimized models achieved correct rate (CR) of 100.0%. Accordingly, the sensitivity and PPV for all tested strains (x ¼ 1 to 10) were 1.00. The negative juice samples were also correctly discriminated from others, which was indicative of a clear separation of yeast negative samples from yeast spoilage samples. The variable selection method CARS reduced the wavelength variables from 2074 to 8. With only 8 selected wavelengths, SVM model produced an overall correct rate of 60.8% without using optimized C and g. Albeit not accurate enough to be useful, the CARS selected 8-variable based model outperformed the 2074-variable full wavelength model (CR ¼ 26.4%). With this simplied model, the sensitivity of the species C. intermedia ( Fig. 3a x ¼ 5, 6 ), M. guilliermondii OZ01 (x ¼ 7) and S. cerevisiae OZ03 (x ¼ 9) reached 1.00, and the PPV for these strains were increased to 1.00, 0.60, and 0.86, respectively (Fig. 3b) . It was thus denoted that variables carrying important information were extracted from the numerous NIR variables. When the CARS simplied model was subjected to parameter optimization with GS, PSO and GA methods, the overall correct rate were again increased to 100%. The sensitivity and PPV for all strains were also enhanced to 1.00. The total number of support vectors was decreased from 69-77 for the full spectra models to 42-67 for the optimized models. With only 8 variables, the model was still capable of correctly recognize the strain or species responsible for the kiwi juice spoilage, in spite of the spoilage time (24 h or 72 h) and kiwi juice varieties (Qinmei or Hayward). 
Yeast cocktail recognition
Similar to the single strain model, full spectra yeast cocktail model gave the poorest performance since only 73 out of 243 juice samples were accurately recognized (CR ¼ 30.0%), as shown in Table 2 . Correctly classied yeast cocktails were H. uvarum + S. cerevisiae (Fig. 3c, x ¼ 1) and H. uvarum + C. intermedia (Fig. 3c, x ¼ 3) (sensitivity ¼ 1.00), but the corresponding PPV were only 0.46 and 0.52, suggesting many samples were misidentied as the two yeast cocktails. Identical to single strain model, parameter optimization greatly enhanced model performance. With the optimized C and g, SVM models not only had higher correct rates but also offering high sensitivity and PPV for each yeast cocktail. The correct rate for full spectra-GS model and full spectra-GA model were 98.8%. The poorly classied yeast cocktails of C. tropicalis + H. uvarum + C. intermedia (Fig. 3c, x ¼ 11 The application of CARS was also effective for the yeast cocktail spectra set. The primitive 2074 variables were decreased to 11 and the CR in the non-optimized model was increased from 30.0% to 67.9%. For example, the H. uvarum + M. guilliermondii ( Fig. 3c and d , x ¼ 4) cocktail previously had a sensitivity of 0.17 and PPV of 0.12 in the full wavelength model, it was more accurately classied by the CARS-model offering increased sensitivity and PPV of 1.00 and 1.00, respectively.
On the whole, the performance of parameter optimized CARS models (CARS-GS/PSO/GA) was as good as full wavelength model. No deterioration of model performance was observed. The result was slightly different from prior research showing that model accuracy can be enhanced by CARS. The high accuracies that single and yeast cocktail model obtained were outstanding as the spectra samples comprising each category were of dual kiwi juice sources and spoilage time, as indicated in PCA score plot. The CARS-(GS/PSO/GA) models correctly recognized single strains or yeast cocktails spoilage regardless of the kiwi juice component discrepancy and spoilage time, which is an indication of the robustness of the developed model. The successful recognition of yeast negative samples (x ¼ 0) in single strain or yeast cocktail spectra set proved that NIRS can achieve discrimination of yeast spoilage kiwi juice samples from non-spoilage ones. In addition, the model could recognize yeast contaminator with high accuracies, no matter the spoiler was single yeast or were multiple yeasts.
Contributive compound analysis
The NIR technique is a black-box method and only chemical bonds can be assigned and the correct correspondence to exact chemical compounds has not been achieved so far. The employment of CARS reduced variables substantially, offering a possibility to narrow the range of the responsible chemical bonding. In an attempt to discriminate the employed two varieties of kiwi juice (yeast negative samples), CARS found 8 wavelengths: 10 584, 10 484, 10 480, 10 387, 10 341, 10 326, 10 302, 10 279 cm À1 (Fig. 1 (Fig. 1, cocktail-dash dotted line) were obtained. In both CARS selections ( Fig. 4a and d) , the number of kept variable reduced fast rstly and then gradually levelled off. As sampling runs increased, RMSECV (root mean square error in cross validation) remained fundamentally unchanged until the elimination of some variables ( Fig. 4b and e) . It can be seen in regression coefficients path plots that when the coefficient of key variable drop to 0 (Fig. 4c and f) , the RMSECV increase tremendously ( Fig. 4b and e) unique for single strain model. Consistent with juice variety discrimination, water bands played a role in both single strain and yeast cocktail model development. The difference was that in the single strain and yeast cocktail models, yeast metabolites as well as juice components both could alter the water structure and brought about water vibrational change.
As the rst overtone of amido bond (COHN 2 ) occupied certain seats of the selected variables, it was an important wavelength contributive to the performance of both models. The natural origin of amido bond might be from kiwi fruit proteinaceous compounds such as glutamine, asparagine, aspartic acid, arginine and glutamic acid. 23 Additionally, amido bond can be synthesized from the reaction between carbonyl containing substances and amino compounds. Previous study suggested that H. uvarum species and C. tropicalis (F09) could decrease aldehyde (carbonyl containing) concentration in kiwi juice concentrate, whereas their content remained unchanged during M. guilliermondii (OZ01) and S. cerevisiae (OZ03) spoilage. The donors of amino may be the kiwi fruit amino acid and biogenic amines generated by yeast. It was reported that S. cerevisiae and H. uvarum can produce biogenic amines such as methylamine, agmatine and 2-phenylethylamine in different quantities. 24 The carbonyl and amino group may be consumed differently leading to difference in amido bond vibration. Extracellular enzymes or killer toxins (extracellular protein or glycoprotein) excreted by yeast also provides CONH 2 bond. As an evidence, H. uvarum produces protease, b-glucosidase 25 and cellulase.
26 M. guilliermondii was reported to secrete cellulose, xylanase and protease.
27 C. intermedia was reported to exhibit protease activity. S. cerevisiae is an abundant extracellular enzyme producer, those enzymes include proteases, b-glucosidase and even acidic proteolytic thaumatin-like proteins and chitinases.
28 Also, the yeast species that usually produce killer toxins involve S. cerevisiae, Candida and the Hanseniaspora genus. S. cerevisiae may produce killer toxin akin to O-glycosylated protein KT28 toxin to inhibit growth of other yeasts.
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These killer toxins might play a role in the yeast cocktail recognition model where more than one yeast species existed.
The compounds containing methyl (CH 3 ), methylene (CH 2 ), methyne (CH) cover a wide range of chemical categories and the probable sources were the kiwi juice composition and yeast metabolites. The RCO 2 H bonding may be from kiwi juice organic acid (such as ascorbic acid) as well as yeast metabolic synthesis (acetic acid, et al.) . Although the NIR spectra pointing to a series of chemicals present in the spoiled kiwi juice, with the scope narrowed by CARS selection, possible contributing chemicals gradually exposed. The nding may lay the foundation for chemical analysis of yeasts recognition by NIRS.
Experimental

Kiwi juices
Two varieties of kiwi juices made from Qinmei or Hayward cultivars were obtained. Qinmei kiwi fruits were purchased from a local farmer and the claried juices were prepared following peeling, squeezing, pectinase treatment for 2 h at 40 C, 2 min of inactivation of pectinase through microwave oven and centrifugation at 7000Âg for 5 min to precipitate pomace. Finally, seeds occulating in the supernatant were removed by ltration through 0.45 mm lter and the claried juices were stored under refrigeration at À20 C. The pH of Qinmei kiwi juice was 3.26 and soluble solid content (SSC) was 12 Brix. Hayward kiwifruit purees were obtained from GlobalHort Co., Ltd. and were further claried following similar protocols. The pH of Hayward kiwi juice was 3.21 and soluble solid content (SSC) was 13 Brix.
Spoilage sample preparation
The yeast strains with glucose tolerance higher than 50% (w/v) were previously isolated from kiwi fruit orchards and manufacturing environment in Shaanxi, China. The detailed species and isolate source information are listed in 
NIR spectra acquisition
The juices were harvested at 24 and 72 h aer inoculation, followed by centrifugation (7000Âg, 10 min) to remove cell pellets so as to get rid of the interference from cell occulation, and the obtained supernatants were kept at 4 C and equilibrated in a rotary shaker at 25 C for 20 min (120 rpm) right before NIR spectra acquisition. Upon spectra acquisition, juices were added into quartz cuvette with 1 mm light path. Fourier Transform Near-infrared Spectrometer (MPA, Bruker Optics, Ettlingen, Germany) was employed for spectra scanning at wavelengths range of 4000-12 000 cm À1 with a resolution of 8 cm À1 and 64 scans.
Principal component analysis
Principal component analysis was used to check clustering features of the raw spectra and detect outliers by evaluating sample residuals against the limit of F-distribution and Hotelling's T 2 statistic at 5% signicance level.
Spectra preprocessing
Juice samples inoculated with different yeast strains were encoded as integers from 1 to 10. Different yeast cocktails were also encoded as 1 to 20 for model establishment, and yeast negative kiwi juice samples were labelled as 0 in both cases. Raw spectra were pre-processed with Direct Orthogonal Signal Correction (DOSC) before the establishment of the classica-tion model. DOSC loosen the complete orthogonality constraint and calculates components that describe the largest variation in NIR spectra variable (X) and are orthogonal to labels (Y). In the study, two components were used and tolerance value was set at 1 Â 10 À3 according to ref. 30 .
SVM models and optimization
Support vector machine (SVM, Libsvm 3.20 (ref. 31)) was employed on the NIR spectra to recognize the responsible yeast strain or yeast cocktail. C-SVC and radial basis function kernel (RBF) function was used for SVM model development. A timesaving 10-fold cross validation was conducted on the training sets which was consisted of two-thirds of the spectra and external validation were performed on prediction sets which contained one-third of the spectra. Optimization including gridsearch optimization (GS), particle swarm optimization (PSO) and genetic algorithm (GA) from FarutoUltimate 3.14 (ref. 32) were carried out for searching for penalty parameter C and kernel parameter g relevant to boundary complexity to enhance model performance. CARS 16 was employed to extract key variables for single strain and yeast cocktail models, as well as key variables responsible for discriminating the two kiwi juices. In all cases, extraction of 5 maximal principal components, 10-fold cross validation and 50 (single yeast) or 100 (yeast cocktail) Monte Carlo sampling runs were used in CARS. All the treatment and modeling were realized with Matlab 2012a (The MathWorks, Inc.).
Model performance
The performance of developed SVM models was assessed with overall correct rate (CR). In addition, sensitivity and positive predictive value (PPV) were also used. Sensitivity is denoted as the ratio of juice samples whose spoilers are correctly identied to the number of samples in each spoilage category. Positive predictive value (PPV) is termed as the ratio of truly accurately identied strain or yeast cocktail to the sample numbers in each predicted category. Sensitivity is a measurement of true-spoiler accuracy and PPV is a measurement of the predicted-spoiler accuracy. For both parameters, good model will have sensitivity and PPV values at 1.00 while extremely poor models will have value of 0. They provide a comprehensive description of model capability.
Conclusions
This study developed NIRS-SVM models that can accurately recognize kiwi juice spoilage and nd the responsible tested yeast contaminants. A preliminary inference of possible chemicals (water and amino bond) that are contributive to the developed NIR-SVM models had been obtained. Further veri-cation research on linking the exact chemicals are still necessary. The ease of preparation, high throughput and good performance of the developed method would be contributive to food quality and security control of osmotolerant yeasts spoilage in the food industry.
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